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KEY TAKE AWAY MESSAGES * An efficient dimensionality reduction technique boosts the predictive performance of a machine learning classifier while reducing computational overhead
* Discriminative features generated by utilising class label information better distinguish the samples in different classes

* An optimal preprocessing strategy is critical as the downstream tasks are sensitive to noise in the data

Alzheimer’'s Disease

* Non-negative matrix factorisation and its variants offer physical interpretability of how much each feature contributes to the generated features
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Why Raman spectroscopy?
* Offers label free, non-destructive molecular fingerprinting

* Small patient cohort
* Raman spectrum contains intensity values
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DISCUSSION FUTURE WORK
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e Carefully designed pre-processing pipeline cleans the noisy raw data, P & P [4]

* Integrate geometry of the datapoints in addition to the class
information

enabling better classification
0 10 20 30 40 50 60  Parameter selection and optimisation has significant effect on decision
making capability of a model
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